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ABSTRACT 
The multi-criteria decision-making procedures, PROMETHEE (Preference Ranking 
Organisation Method for Enrichment Evaluation) and GAIA (Geometrical Analysis for 
Interactive Aid), factor analysis (Varimax rotation), Fussy Clustering and Partial Least 
Squares (PLS) have been applied to indoor air quality data.  PROMETHEE ranked the 
buildings on the basis air quality influencing criteria such as building characteristics, indoor 
levels of volatile organic compounds, polycyclic aromatic hydrocarbons, fungi, bacteria, 
submicrometre and supermicrometre particles. GAIA and factor analysis evaluated the 
relationships between building characteristics and air quality. The results showed that the 
indoor air qualities of the residential houses, offices and hair dressing saloons were strongly 
dependent on their building designs, distances of the buildings from vehicular emission 
sources, indoor activities and presence of in-built garages. However, association between 
indoor air quality and the age of a building was weak as was the association between air 
quality and Sick Building Syndrome (SBS) complaints. Striking similarities in the results 
obtained by the different multivariate procedures highlight the potential of such techniques for 
ranking information, source apportionment and development of control strategies for indoor 
air pollution.  
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INTRODUCTION 
To understand the association of IAQ with building characteristics and SBS complaints, many 
variables, including fine and ultra-fine particles, fungi, bacteria, TVOC and individual VOC 
concentrations are usually measured [Sundell et al 1993, Andersson et al, 1997, Sunesson et 
al 2002]. Although Seppanen and Fisk (2002) reported that some association exists between 
the prevalence of SBS symptoms and some building characteristics, more systematic studies 
are required.  
 
The work reported in this paper describes a concerted effort to evaluate the underlying 
features in IAQ data collected from different microenvironments. Since many variables were 
examined, it was necessary to consider them simultaneously and systematically.  There is an 
upsurge of interest in multivariate projections methods, which are useful for ranking, pattern 
recognition, classification and prediction in such systematic analysis (Wilkins et al 1997, 
Sunesson et al 2002; Ten Brinke et al, 1998). However, the multi-criteria decision making 
procedures; PROMETHEE (Preference Ranking Organization Method for Enrichment 
Evaluation) and GAIA (Geometrical Analysis for Interactive Aid) (Keller, et al 1991) have 
not featured prominently in IAQ assessment. We have therefore explored the application of 
these procedures to IAQ data in order to rank the buildings and to investigate the relationships 
of the buildings and variables. In addition, the more traditional multivariate procedures such 
as factor analysis (Varimax rotation), Fussy Clustering and Partial Least Squares were 




Description of the buildings investigated: The buildings consisted of a selection of 
residential houses, offices and hair dressing saloons. The first set of buildings was drawn from 
a suburb in Brisbane (Morawska, et al 2001, Morawska, et al, 2002). The selection of a single 
suburb ensured that the houses were subject to similar topography and meteorological 
conditions. The other set of buildings was drawn from various suburbs. Both sets contained a 
wide cross-section of new and old houses built with different building materials and styles. 
Some of them were low set brick buildings while others were high set timber buildings. (The 
term ‘High set’ refers to a house that is raised above the ground on timber or brick stumps, 
and ‘low set’ indicates a house built directly on a slab.)  The hair dressing saloons were drawn 
from different suburbs but the offices were from a single building located about 1 km from 
major vehicular emission sources. There were no major outdoor pollution sources in the 
immediate proximity to the buildings.  
 
Questionnaire: Questionnaires were used to collect information about the environmental, 
structural and furnishing characteristics of the houses, and the activities and health status of 
the residents. The first part of the questionnaires dealt with external features of the buildings 
and included questions about the type of road on which buildings were situated, type of 
building materials and garage. The second part consisted of questions about the interiors of 
the buildings: floor-type, wall materials, use of extractors, air-conditioning and the last time 
the building was renovated. The last section included questions about the residents’ activities 
and health status. 
 
Sampling and chemical analyses: Samples were taken from the buildings in May-July 1999 
(ie late autumn and early winter) and November-December 2001 (summer). One indoor 
environment was sampled per day under minimum ventilation condition ie with all doors and 
windows closed. No controllable indoor source (e.g. cooking and smoking) operated during 
the measurements. Volatile Organic Compounds (VOCs), polycyclic aromatic hydrocarbons 
and carbonyl compounds were collected at a height of 0.5-0.9m. Sampling protocols and 
analyses for the VOCs, carbonyl compounds and polycyclic aromatic hydrocarbons were 
performed in accordance with EPA Method TO-17 (1999), EPA Method TO-11A (1999) and 
EPA Method TO-13 A (1999) respectively. Sampling procedures for other pollutants were 
described previously (Morawska, et al 2002). 
 
Multivariate data evaluation: Statistical Package for Social Science (SPSS) for windows 
version 11.0 was used for factor analysis (Varimax rotation) of the variables. Principal 
component Analysis (PCA) and Partial Least Squares (PLS) analysis were performed by 
SIMCA-P 10.0 (Umetrics AB). To minimise the skewness of the data (caused by some 
missing values) a constant number was added to all variables and the data was log 
transformed, mean-centred and scaled to unit variance. The buildings were evaluated by 
creating different models for “healthy” and “sick” buildings. Model validation is performed 
mainly by (i) internal validation using cross-validation and (ii) plots of the model and the 
underlying data, and (iii) response validation. Coomans’ plot of the distance of the each 
observation to each model was computed and plotted along with the critical distances.  
 
Ranking analysis was carried out by the multi-criteria decision-making methods, 
PROMETHEE and GAIA. This procedure requires each variable to be separately optimised 
(ie ranked top-down (maximised) or bottom-up (minimised)), and modelled using preference 
functions that are similar to those described by Kokot and Phuong (1999), and Kokot et al, 
1992.  PROMETHEE ranks the objects (buildings in this work) according to a given set of 
variables (e.g. concentration of individual pollutants). In addition, it acts as data pre-treatment 
procedure for GAIA. GAIA, on the other hand, evaluates and presents PROMETHEE II 
results as PC1 (principal component 1) versus PC2 (principal component 2) biplots. The 
results obtained for PROMETHEE and GAIA were interpreted according to the guidelines 
summarised by Keller and his co-workers (1991). 
 
The unsupervised non-hierarchical classification cluster method, Fuzzy Clustering (FC), 
which distinguishes objects that are clearly members of one class from those that are members 
of several clusters, was used as described earlier (Kokot et al 1992).  
 
RESULTS  
PROMETHEE ranking of the buildings.  A PROMETHEE II complete ranking result for 
the IAQ data from 21 residential houses, 4 hairdressing saloons and 8 offices showed that the 
best-performing buildings were the houses and the worst were the offices. The saloons lay 
between these two extremes. On the other hand, information from the GAIA biplots showed 
that the variables that influenced the PROMETHEE II rank order most were: wall material, 
floor material, use of extractor, distance of the buildings from a major road, the type of road 
in the vicinity of the building and the position of the garage. Thus the characteristics of the 
buildings played a key role in their IAQ.  
 
Next, a sub-matrix containing only the residential houses sampled from one suburb was 
examined in order to eliminate the influence of topography on the IAQ. A comparison of the 
net outranking flow values obtained from PROMETHEE II analysis for the houses with the 
health status of their occupants, as revealed by the questionnaire  (Table 1), showed no 
consistent association between the rank order of the houses and the reported health status of 
the occupants.  
 
In Figure 1, the houses were separated on t1 into low set (A9, A4, A10, A14, A8) and high set 
(A1, A2, A3, A5, A6, A7, A11, A12, A13) houses. This confirmed that the characteristics of 
the houses affect indoor air quality.  Similarly, the fact that the longest loadings vectors and 
therefore, the most significant are due to the type of wall materials, type of garage, type of 
building and distance from a major road corroborate this observation. Since the better 
performing houses (ie A6, A7, A8, A11, A12, and A13) are almost exclusively high set 
timber houses without in-built garages, these variables exert considerable influence on indoor 
air quality and any attempt to reduce indoor air pollution must take them into consideration.   
Factor analysis (varimax rotation) confirmed the correlation of the houses and the importance 
of the variables. The potential of PLS to model and predict the health status of occupants from 
indoor air quality influencing parameters was then tested. An exploratory PLS model was 
obtained for the residential houses sampled from one suburb. The first two components 
explained about 88.8 % for the Y variable (health status) and predicted 58% (Q
2
Y=0.58) of 
the health status. 
 
Table 1: PROMETHEE (II) complete ranking results for the houses and the health status of 
the occupants.  
 
House Net outranking flow obtained 
from PROMETHEE (II) * 
Health status 
A5 0.101 (1) Healthy 
A6 0.079 (2) Healthy 
A13 0.072 (3) Healthy 
A11 0.068 (4) Sick  
A7 0.064 (5) Sick  
A8 0.042(6) Healthy 
A3 0.041 (7) Sick 
A2 0.035 (8) Sick 
A1 -0.022 (9) Sick  
A4 -0.038 (10) Sick 
A12 -0.066 (11) Sick 
A9 -0.102(12) Healthy 
A14 -0.136(13) Healthy 
A10 -0.140 (14) Sick 
*The figures in parenthesis denote the rank of the house: most preferred = (1) and least 
preferred = (14). 
 
Figure 1: PCA score plot (t1/t2) for the IAQ of the residential houses from a particular 
suburb.  
Separate models were obtained for “healthy” and “sick” houses. A Coomans’ plot for the two 
models along with the critical distances is displayed in Figure 2. It is evident from the figure 
that houses A2 and A4 are classified as “sick” buildings although the former is quite different 
from the rest of the houses because of its relatively high xylene level. A5, A9 and A14 are 
classified as healthy houses but the remaining houses cannot be classified as healthy or ‘sick’. 
In view of the apparent fuzziness in the class membership of these houses, Fuzzy Clustering 
was applied to the data. The goal was to distinguish houses that are clearly members of a class 
from those that are members of more than one class. When hard clustering was carried out, 
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A4, A5, A6, A7, A11 and A13, the second contained A9, A10 and A12, and the third A8 and 
A14. The result of soft clustering, on the other hand, indicated that A14, A8, and A5 have 
membership values distributed over all three clusters while A13, A11, A7, A6, A3, A2 and 
A1 are members of two clusters; and A12, A10 and A9 are members of only one cluster. 
Again, no clear class distinction was observed between “sick” and “healthy” buildings.   
 
Figure 2: Coomans’ plot of the models for “healthy” (x axis) and “sick “(y axis) houses. 
Sample identifications are the same as those in Table 1. 
 
DISCUSSION 
Although the sizes of the matrices employed in this work were relatively small, 
PROMETHEE provided ranking information, which was linked with the health complaints in 
the buildings.  Such ranking analysis has not featured prominently in indoor air literature.  
GAIA, on the other hand, showed that buildings characteristics like wall material, 
construction style, position of garages and proximity to vehicle emission sources significantly 
affect IAQ. Indoor air pollution control strategies must target such building characteristics.  
 
There are many possible reasons for the inconsistent association between health complaints 
and IAQ in some of the buildings. Firstly, “self-reporting” by the occupants is a subjective 
measure of health status. Secondly, there may be additional differences between the houses, 
such as susceptibility of the occupants, which were not examined in the analysis. 
Furthermore, the reported health effects may be associated with other pollutants such as 
allergens and newly formed but analytically undetectable VOCs (Seifert, 2002), which were 
not considered in the ranking analysis. In this respect, the link that Ten Brinke et al (1998) 
established between SBS symptoms and low (rather than high) VOC levels is noteworthy. 
 
Sunesson et al (2002) recently used Coomans’ plot to distinguish healthy from ‘sick’ 
buildings and Wilkins et al (1997) classified rooms according to their mold growth but their 
models were based only on the chemical composition of the air in the buildings. In contrast, 
the current models are based on the indoor air composition of a suite of pollutants (chemicals, 
particles, fungi and bacteria). 
 CONCLUSION AND IMPLICATIONS 
Psychosocial and other non-quantifiable response modifiers possibly play significant roles in 
SBS complaints. Nevertheless, the similarities in the results obtained by the different 
multivariate methods employed in this study demonstrate the potential of these techniques to 
provide information that can aid the detection of problem buildings and development of 
control strategies for indoor air pollution.  
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